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ABSTRACT 

 
The effectiveness of very high-resolution IKONOS 

multispectral satellite imagery for land cover/vegetation 

mapping in Pico da Vara Nature Reserve (S. Miguel Island, 

Archipelago of the Azores, Portugal) was assessed. A per-

pixel supervised classification scheme was developed using 

two different datasets. The Dataset A included the 

IKONOS-2 ortho-rectified and atmospherically corrected 

Visible and Near Infrared (VNIR) multispectral bands (4 

bands in total). Besides the same spectral bands of Dataset 

A, Dataset B also included two additional GIS-based raster 

bands representing both ‘Altitude’ and ‘Distance to water 

streams’ layers, since these two environmental variables are 

strongly relevant for land cover/vegetation categories 

distribution in Pico da Vara Nature Reserve. Overall, most 

of the five supervised classification techniques applied 

(Support Vector Machine; Maximum Likelihood; K-Nearest 

Neighbor; Linear Discriminant Analysis; Probabilistic 

Neural Network) showed a strong agreement and a good 

accuracy. The best classification accuracy was obtained by 

applying the KNN classifier to Dataset B. Remote sensing 

by using very high-resolution IKONOS-2 multispectral 

imagery was confirmed as an effective method for land 

cover mapping in Pico da Vara Protected Area. 

 

Index Terms— IKONOS, Invasive Alien Species, 

Azores, Vegetation Mapping, Pittosporum undulatum 

 

1. INTRODUCTION 

 

S. Miguel Island's vascular plant flora (Archipelago of the 

Azores, Portugal) is largely dominated by non-indigenous 

taxa. However, existing indigenous vascular plant taxa are 

particularly important because they compose a very 

valuable ecosystem, the Azorean Laurel Forest. One of its 

most significant areas is the core of Pico da Vara / Ribeira 

do Guilherme Special Protected Area (SPA), in the former 

Nature Reserve of Pico da Vara (Fig. 1), located in the 

mountain complex of ‘Serra da Tronqueira’. Pico da Vara / 

Ribeira do Guilherme site was classified as SPA in 1999 

due to the presence and conservation status of the endemic 

Azores Bullfinch Pyrrhula murina Godman, 1866, one of 

the most threatened passerines in all Europe. Its population 

is limited to a few fragments of remaining native vegetation 

seriously threatened by invasive alien species (IAS) 

spreading, namely Pittosporum undulatum Vent. and 

Clethra arborea Aiton [1][2][3]. Their direct competition 

with native species has resulted in a significant decline in 

native populations and ecosystem area. Since 2004, all the 

vegetation monitoring data used for invasive species 

management in Pico da Vara  SPA has been obtained 

through expensive field work methods: twenty 10x10 

meters and ninety 2x2 meters random plots. Although this 

information is very valuable and still needed, it only covers 

and characterizes a very small fraction of the total area 

(about 6000 hectares) [4].  

 

 
 

Figure 1. Location of Pico da Vara Nature Reserve and Pico da 

Vara/Ribeira do Guilherme SPA in São Miguel Island (Azores, 

Portugal). 

 
One of the most intuitive and straightforward remote 

sensing approaches for alien plant detection is to use high 

spatial resolution images to visually inspect the spatial 
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distribution of non-native species. The idea in this approach 

is to pinpoint these species based on their unique spatial 

textures/patterns or phenological characteristics [5].  

The supervised image classification process is generally 

guided by expert to give the desired land-cover/vegetation 

classes. First, training samples which are representative and 

typical for that information class are defined, and secondly 

all input pixels (or segments) are labeled according to their 

class [6].  In this study five different classifiers are applied: 

Support Vector Machine (SVM) [7]; Maximum Likelihood 

(MLC) [8]; K-Nearest Neighbor (KNN) [9]; Linear 

Discriminant Analysis (LDA) [10]; and Probabilistic Neural 

Network (PNN) [11]. 

 

2. DATA 

 

Four different datasets were used in this study:  

- An IKONOS-2 standard geometrically corrected 

image with four multispectral bands (Blue, Green, 

Red and Near-Infrared) acquired on Aug 18, 2005 

with 11% Cloud Cover. The IKONOS System 

offers multispectral imagery at a spatial resolution 

of 4 meters and panchromatic imagery at 1 meter, a 

short revisit time (3-5 days off-nadir and 144 days 

for true-nadir) and a swath of 11 km x 11 km for 

each single scene; 

- The hydrographic network of S. Miguel island 

produced in GIS format at a 1/25000 scale, used as 

ancillary GIS data for derivation of a “distance to 

water streams” layer; 

- The digital terrain model (DTM) of S. Miguel 

island with an equidistance of 10m between 

contour isolines, produced in GIS format at a 

1/25000 scale, used for the ortho-rectification of 

the IKONOS-2 image and also as ancillary GIS 

data (reclassification to hypsometry map); 

- A GIS polygonal vector layer of 415 photo-

interpreted sites scattered on the region of study. 

Four representative land cover/vegetation 

categories are identified in this dataset: (1) CC - 

Cryptomeria japonica (L. fil.) D. Don (‘Japanese 

cedar’) man-planted production forest stands; (2) 

DD – Bared soil and landslide areas; (3) LL – 

Native scrubland patches; (4) NN – Pittosporum 

Woodland (invasive Pittosporum undulatum’s pure 

or largely dominated patches). 

 

3. METHODS 

 

The methodological approach can be schematically 

described as illustrated in Figure 2. 

 

 
 

Figure 2 – Methodological Flowchart 

 

The methodological flowchart is based in four main stages 

as it follows: 

- Pre-processing of the IKONOS Visible and Near 

Infrared (VNIR) multispectral image:  

 Ortho-rectification using the DTM of 

S.Miguel Island; 

 Atmospheric correction; 

 Cloud cover mask building and 

application to the four IKONOS-2 

multispectral bands. 

- GIS data geoprocessing: 

 Breakup of the values of the DTM into a 6 

intervals hypsometry raster layer 

according to natural vegetation 

stratification and distribution in Pico da 

Vara SPA: 330-450 m; 450-600 m; 600-

750 m; 750-900 m; 900-1050 m; 1050-

1103 m; 

 Multiple buffer using the hydrographic 

network GIS layer (6 categories of 

distance from water streams margins): < 5 

m; 5-25 m; 25-55 m; 55-105 m; 105-155 

m; >155 m. Coarsening to a raster layer of 

4 m spatial resolution (same as IKONOS-

2 image); 

 Random split of the ground truth data 

shapefile into a training dataset (2/3 of 

sites) and a validation dataset (1/3 of 

sites). 

- Per-pixel supervised classification of two datasets 

using 5 different classifiers (SVM, MLC, KNN, 

LDA, and PNN). The datasets used to perform 

these per-pixel supervised classifications were the 

following: 
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 Dataset A: the IKONOS-2 ortho-rectified 

and atmospherically corrected VNIR 

Multispectral image (4 bands in total); 

 Dataset B: in addition to the 4 bands of 

the IKONOS-2 image, the hypsometry 

and the “distance to water streams” layers 

were included (6 bands in total); 

- Accuracy analysis of classification maps: using 

the validation dataset for accuracy assessment of 

10 outputted classification maps by computing 

overall accuracy (OA), overall Kappa coefficient 

(OK), “class by class” user's accuracy (UA) and 

“class by class” producer's accuracy (PA). 

 

4. RESULTS 

 

At overall level, almost all performed classifications showed 

a strong agreement and a good accuracy (OK ≥ 0.8) 

excepting Dataset A’s LDA classification, which is slightly 

less accurate (OK = 0.74) – Table 1. The best overall 

classifications were obtained by applying both classifiers 

SVM (OK = 0.86) and KNN (OK = 0.85) to Dataset A; and 

also by applying KNN (OK = 0.97) and MLC (OK = 0.95) 

to Dataset B. Furthermore, KNN showed to be the most 

accurate at overall level when applied to both datasets A 

and B. Regarding the integration of ancillary GIS data in the 

classification scheme (Dataset B) aiming to improve 

classifications’ accuracies, SVM and PNN were the only 

classifiers that showed none or very little improvement by 

the addition of these additional layers (raster bands). Further 

classifiers have largely improved their overall performance: 

(1) KNN: OK from 0.85 to 0.96; (2) MLC: OK from 0.82 to 

0.93; (3) LDA: OK from 0.74 to 0.85.  

At the individual land cover/vegetation category level, 

Cryptomeria japonica forest (CC) mapping was more 

accurate when applying SVM to Dataset A (UA=0.89) and 

KNN to Dataset B (UA = 0.97) – Table 1. As the location of 

these forest stands is strongly related to the altitude and to 

the distance to water streams - because of their influence on 

the accessibility to these properties - this accuracy 

improvement by adding ancillary GIS data in the 

classification scheme is quite logical.  

Landslide and bared soil areas (DD) mapping proved to be 

highly accurate when applying all classifiers to both datasets 

(0.91≤UA≤0.96). MLC classifier was particularly effective 

regarding this category mapping, by reaching UA=0.96 in 

both classification schemes, showing that the addition of 

GIS raster layers had no influence on mapping this land 

cover category.   

Native scrubland patches (LL) mapping was highly accurate 

when applying each one of the classifiers to both datasets 

(0.87≤UA≤0.98), especially when using KNN with Datasets 

A and B; and also when applying SVM to Dataset A. The 

introduction of GIS data into the classification scheme had 

little influence when mapping this land cover category. 

Table 1 - Accuracy assessment of classification maps 
Set   A     B   

 

 
MLC KNN SVM LDA PNN MLC’ KNN’ SVM’ LDA’ PNN’ 

CC 

(P|U) 

0.90 

0.76 

0.86 

0.88 

0.87 

0.89 

0.66 

0.86 

0.79 

0.86 

0.98 

0.89 

0.97 

0.97 

0.88 

0.90 

0.78 

0.89 

0.79 

0.86 

DD 

(P|U) 

0.95 

0.96 

0.97 

0.95 

0.97 

0.95 

0.95 

0.91 

0.96 

0.95 

0.96 

0.96 

0.98 

0.96 

0.97 

0.95 

0.94 

0.91 

0.96 

0.95 

LL 

(P|U) 

0.93 

0.92 

0.92 

0.95 

0.92 

0.95 

0.93 

0.87 

0.91 

0.94 

0.95 

0.97 

0.97 

0.98 

0.93 

0.96 

0.96 

0.89 

0.91 

0.94 

NN 

(P|U) 

0.75 

0.85 

0.84 

0.79 

0.85 

0.79 

0.74 

0.64 

0.79 

0.69 

0.94 

0.97 

0.98 

0.97 

0.86 

0.80 

0.89 

0.90 

0.80 

0.70 

OK 0.82 0.85 0.86 0.74 0.81 0.93 0.96 0.87 0.85 0.81 

OA 0.87 0.90 0.90 0.82 0.87 0.95 0.97 0.91 0.90 0.87 

 

Legend: P: Producer Accuracy (0-1); U: User Accuracy (0-1); OK: 

Overall Kappa; OA: Overall Accuracy 

 

The accuracy assessment results of Pittosporum woodland 

mapping were very positive. These outputs were more 

accurate when applying MLC and KNN (Figure 3) to 

Dataset B (UA = 0.97). SVM was the more accurate 

classifier when using Dataset A (UA = 0.85). Applying 

LDA and PNN to Dataset A has produced the least accurate 

classifications (UA = 0.64 and UA = 0.69, respectively). 

These results support the hypothesis that classification 

accuracy of Pittosporum woodland may improve 

significantly by including in the classification scheme GIS 

raster bands of environmental variables that are strongly 

related to its ecology and spatial distribution, as altitude and 

“distance to water streams”. 

 

 
 

Figure 2 – Per-pixel supervised classification map obtained by 

applying KNN to Dataset B 

 
Pittosporum undulatum is considered one of the priority 

species for the implementation of control actions in the 

Archipelago of the Azores, under the implementation of the 

Azorean Regional Program for Control and Eradication of 

Invasive Plants in Sensitive Areas (PRECEFIAS) [12]. In 

order to support a more realistic and cost-effective 

Pittosporum woodland control and management in Pico da 
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Vara Nature Reserve under PRECEFIAS development, the 

approximated total area occupied by this aggressive 

invasive alien species has been estimated based on the two 

best NN classifications performed previously (both of them 

by using Dataset B). According to these two results, 

Pittosporum woodland may be occupying about 130 

hectares (out of 815 hectares) in Pico da Vara Nature 

Reserve: 

- KNN using Dataset B (UA for NN = 0.97): 134 hectares 

(Figure 3); 

- MLC using Dataset B (UA for NN = 0.97): 129 hectares. 

 

5. CONCLUSIONS 

 

Although a different methodological approach was applied 

in this study, its results confirm the previous results 

obtained by Gil et al. which concluded that using very high-

resolution IKONOS-2 multispectral imagery may constitute 

an effective method for standard land cover/vegetation 

mapping in Pico da Vara Nature Reserve [2] [4].  

A high accuracy in supervised classification maps 

(especially when using KNN and MLC) was reached by 

developing a classification scheme which included as main 

specificity the integration of relevant GIS raster bands (in 

Dataset B) representing environmental variables that are 

strongly related to the occurrence of determined land 

cover/vegetation categories (as altitude and “distance to 

water streams”).  

This study especially supports the thesis that using 

IKONOS-2 multispectral imagery for Pittosporum 

woodland mapping in Pico da Vara Nature Reserve may 

constitute a cost-effective approach for its continuous 

monitoring. Therefore, its results may allow regional 

authorities to perform a more realistic, adequate and cost-

effective Pittosporum undulatum management in Pico da 

Vara Nature Reserve.  
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